Introduction
The onset of severe drought in the Sahel during the late 1960s sparked a push to understand the mechanisms driving rainfall variability in the region. Sea surface temperature (SSTs) (Park et al. 2015) , aerosols (Booth et al. 2012) , and greenhouse gases (Dong and Sutton 2015) have all been implicated as the primary drivers of historical rainfall variability and uncertainty in future climate projections. Despite considerable progress in understanding the processes that control historical rainfall variability [see review by Nicholson (2013) ], realistically simulating these in models remains a challenge. Relative to CMIP3, CMIP5 models show a better consensus in predicting a wetter future but little improvement in representing many of the phenomena that force Sahel rainfall (Cook 2008; Roehrig et al. 2013) .
It is well established that remote forcing plays a key role in controlling historical rainfall variability over the Sahel. Early work focused on sea surface temperatures in the Atlantic and Indian Oceans and the Mediterranean Sea (Rodíguez-Fonseca et al. 2015) . It was initially thought that SST variability was internal, as opposed to a response to anthropogenic forcing. However, a number of recent studies argue aerosols and greenhouse gases are the primary drivers of historical SST variability and therefore Sahel rainfall (Booth et al. 2012; Haywood et al. 2013; Ackerley et al. 2011; Biasutti and Giannini 2006) . It is likely these different factors interact and combine to force rainfall, the details of which remain a significant open research question (Rodíguez-Fonseca et al. 2015) .
A large number of studies have investigated the causal relationships between remote forcing and rainfall, either through statistical methods or climate model perturbation Supplemental information related to this paper is available at the Journals Online website: http://dx.doi.org/10.1175/ JCLI-D-16-0579.s1.
analysis (e.g., Park et al. 2015; Haywood et al. 2013) .
Others have conducted detailed analysis on the rainfall outputs from CMIP5 models forced by a range of emission scenarios (e.g., Biasutti 2013). However, much of this work focuses on the end members of a complex teleconnection chain with little emphasis on the poorly understood linkages delivering rainfall to the Sahel. In this study we show that the majority of climate models fail to reproduce fundamental coupling between the large-scale dynamics over West Africa and Sahel rainfall. Section 2 describes the data and methods used in our analysis. Section 3 outlines our framework to quantify coupling between Sahel rainfall and atmospheric dynamics. We then assess this relationship in the CMIP5 ensemble in section 4. Section 5 discusses some implications of our results.
Data and methods

a. Rainfall and atmospheric reanalysis
Two rainfall datasets covering 1950-2005 are used in our analysis. The first is from the archive originally produced by Nicholson (1986) (NIC131) . This dataset has been updated, with most Sahelian stations now extending to at least 2005. A total of 319 stations are available in the Sahel domain, although the number available for any given year varies. Further information about the dataset is provided in and S. E. Nicholson et al. (2016, manuscript submitted to Int. J. Climatol.) . The second dataset is from the Climate Research Unit Time Series, version 3.21 (CRU TS) (Harris et al. 2014) . To match the coarser resolution of the CMIP5 climate models, CRU TS rainfall was interpolated to a common 2.58 3 2.58 resolution using triangulation-based cubic interpolation. The latitudinal bounds of the West African Sahel rainfall domain used to create a rainfall time series (Fig. 1 ) (12.58-17.58N) were chosen to be as close to those specified by Nicholson (2013) (148-188N) as the common 2.58 rainfall resolution would allow. While many studies extend their definition of the Sahel domain eastward to include Chad (22.58E), we limit ours to the eastern border of Niger/Nigeria (17.58E).
Historical atmospheric zonal wind and temperature data were from the National Centers for Environmental Prediction-National Center for Atmospheric Research (NCEP-NCAR) reanalyses (Kalnay et al. 1996) . NCEP-NCAR data were provided on a 2.58 3 2.58 horizontal grid and spanned from 1000 to 100 hPa. NCEP-NCAR data were provided by NOAA/OAR/ ESRL Physical Sciences Division (from http://www.esrl. noaa.gov/psd/). Our analysis focuses on the July-August (JA) period as this is when CMIP5 models struggle to match observations (Fig. 1b) . July-August is the peak of the rainy season over the Sahel, and rainfall in these months correlates strongly with annual totals (NIC131/ CRU TS correlation coefficient R 5 0.86/0.92).
b. CMIP5
Simulated rainfall, zonal wind, and atmospheric temperature spanning 1950-2005 are from historical simulations with observed greenhouse gas concentrations (Taylor et al. 2012 ) (CMIP5). The 30 simulations from 17 models are shown in Table 1 . All CMIP5 data were obtained through the Earth System Grid Federation data portal (http://pcmdi9.llnl.gov/). These models were the complete set available on the portal at the time of access. All rainfall data were mapped onto the 2.58 grid using triangulation-based cubic interpolation.
c. Correlations and statistical significance
Regions of significance in 14-yr (quartile samples of the total 56 yr) composites were calculated using a Monte Carlo approach to test the null hypothesis that there were no significantly different features. First, 10 4 unique composites of 14 of the randomly selected years were produced, giving a distribution of zonal wind strength in 14-yr composites for each pixel (latitude and pressure level). These were normalized to produce cumulative distribution functions (CDFs), which were then used to calculate the p value for each pixel. All R values (and their associated p values) were calculated using Pearson's correlation coefficient. To account for our use of multiple hypothesis tests we calculated critical p values in all figures using the false discovery rate (FDR) approach (Ventura et al. 2004) . Stippling indicates regions where the null hypotheses were rejected at a FDR 5 0.05.
Jet dynamics and rainfall
Remote forcing may be viewed as the initial step in a complex teleconnections chain that forces Sahel rainfall variability. The latitudinal bounds of the tropical easterly jet (TEJ) and African easterly jet (AEJ) delineate a significant region of African easterly wave (AEW) activity, vertical motion, and the tropical rain belt, which ultimately delivers rainfall to the region. These zonal jets are key for supplying energy to the AEWs (Skinner and Diffenbaugh 2013) . It is thought that up to 90% of Sahel rainfall is produced by large mesoscale convective systems (Nicholson 2013) , which tend to be embedded in the tracks of these waves. As such, the strength and position of these jets represent an interim step by which remote forcing is communicated into Sahel rainfall variability.
Rainfall variability also influences jet dynamics through land surface feedbacks (e.g., Taylor et al. 2011 ) and diabatic heating (e.g., Hagos and Zhang 2010) . Such nonlinear relationships make it particularly challenging to make any conclusive statement about jet dynamics forcing rainfall. Although all of the CMIP5 models simulate climatological summertime precipitation, they clearly struggle during the peak of the rainy season (Fig. 1b) . We focus on the July-August period because this is when the mismatch between observed and CMIP5-simulated rainfall is the greatest. Inspection of the individual model cycles (not shown) suggests this is not simply due to a shift in the timing of the monsoon cycle.
The three distinct jets are easily identified in the climatology of mean July-August density-weighted zonal wind (Fig. 2a) . We posit that the leading EOF of this field (EOF1) (Fig. 2b) captures choreographed changes in all zonal jets. Winds were weighted by air density so that the EOF draws power throughout the atmospheric column and not just from the upper troposphere, where high velocity of low-density winds dominates. Composites of zonal wind for years in which EOF1 amplitude was particularly strong and weak are shown in Figs. 2c and 2d, respectively. The time series y of EOF1 strength e 1 is calculated by projecting the eigenvector onto the atmospheric anomaly field X: y 5 Xe 1 . These composites show that EOF1 represents 1) a strengthened and broader TEJ over West Africa, 2) enhanced shear on the southern flank of the AEJ and its slight northward shift, 3) occurrence of the African westerly jet (AWJ), and 4) reduced upper-level westerlies.
Each of these dynamic features is known to correspond with wetter conditions over the Sahel. A stronger TEJ with greater westward extent is associated with an enhanced monsoon (Sathiyamoorthy 2005) owing to its control of upper-level divergence (Nicholson 2013) and potential influence on wave activity (Nicholson et al. 2008 ). Enhanced horizontal shear and a northward shift of the AEJ is also linked to a wetter Sahel (Grist and Nicholson 2001; Nicholson 2008) . Although not evident in the zonal averages, EOF1 clearly shows the occurrence of the AWJ (Nicholson 2013) , which is thought to play a key role in displacing the AEJ northward. Figures S1 and S2 in the supplemental material show the equivalent Fig. 2 created using ERA-40 (Uppala et al. 2005) and MERRA (Rienecker et al. 2011 ). The deep westerly flow extending up to 400 hPa in Fig. 2c does not appear in the ERA-40 or MERRA composites, which suggests this feature may be an artifact of limited observations in NCEP-NCAR prior to 1979. However, the four key features outlined above are robust to changes in reanalysis product and observational period.
EOF1 appears to capture a key mode of variability in which changes at the level of all zonal jets are acting constructively to bring wetter or drier conditions to the Sahel (Fig. 3a) . Specifically, this figure shows strong correlation between EOF1 of density-weighted zonal wind and Sahel rainfall. This relationship holds for both interannual and decadal variability, with the wetter conditions of the 1950s and early 1960s corresponding to a much stronger EOF1. Figure 3b shows how this significant coupling is not limited to our Sahel domain but extends across central and East Africa. Not only does EOF1 characterize the primary mode of jet variability throughout the troposphere, correlation of EOF1 with Sahel rainfall provides a quantified index of jet-rainfall coupling.
This jet-rainfall coupling holds for both pure station (NIC131 prior to interpolation) and gridded (CRU TS) rainfall data. Furthermore, this relationship does not appear to be sensitive to the choice of reanalysis or rainfall product. The equivalent EOF1 amplitude in MERRA and Sahel rainfall time series in GPCP (Xie et al. 2003) show a correlation coefficient of 0.78 (1979-2013, not shown) . We use NCEP-NCAR reanalyses and NIC131/CRU TS data because the length of the record is significantly longer, allowing for more statistically robust comparisons with the historical CMIP5 runs. Figure 4 shows how CMIP5 models struggle to reproduce jet-rainfall coupling over the Sahel. The ensemble mean correlation map shows weak-to-moderate positive correlations over East and central Africa and mean R values of less than 0.2 in the western Sahel toward the coast. The grid counts in Fig. 4b confirm that the weaker ensemble mean R values correspond to fewer models capturing a significant relationship and not the averaging out of shifted positive/negative correlation patterns. This lack of jet-rainfall coupling could result from incorrect remote forcing of the jets (''upstream'' of the jets) or unrealistic parameterizations of the subgridscale processes that ultimately deliver rainfall to the Sahel (''downstream'' of the jets). However, land surface feedbacks that influence jet dynamics make answering this question particularly challenging (Taylor et al. 2011; Nicholson 2013) .
Jet-rainfall coupling in CMIP5
We focus on the Sahel to show jet-rainfall coupling for individual simulations in Fig. 5 . Every model simulation we analyzed underestimates the R value compared to historical observations (0.76) (Fig. 3b) . It is important to consider that EOFs derived from finite samples are only estimates of the ''true'' eigenvalues and eigenvectors (Quadrelli et al. 2005) . However, that ensemble runs of the same model tend to cluster along the x axis suggests this measure of the jet-rainfall coupling is intrinsic to the model and not simply the result of natural variability and sampling issues. Three variants of GISS-E2 show the ''worst'' (most negative) coupling, which is likely related to their unrealistically strong AEJ and weak TEJ over West Africa (Fig. S3 in the supplemental material).
Notably, IPSL-CM5B-LR shows the strongest correlation between EOF1 and Sahel rainfall, whereas two of the four IPSL-CM5A-LR simulations show negative correlations. Relative to CM5A, CM5B represents a complete recasting of turbulence, convection, and cloud parameterization , implying these processes may hold the key for models to capture realistic rainfall coupling. The color of each bar corresponds to how closely the internally generated EOF1 in the historical simulation matches EOF1 in NCEP-NCAR reanalyses.
Generally, the reds in Fig. 5 correspond to largermagnitude, positive correlations and the blues to insignificant or negative correlations. This pattern suggests that the ability of a model to correctly simulate an EOF1 that matches NCEP-NCAR EOF1 may relate to the ability of that model to simulate realistic jet-rainfall coupling. However, owing to rainfall feedbacks on the jets, it is difficult to establish whether more realistic jets are forcing more realistic rainfall variability or vice versa. Our focus on JA rainfall totals does not address the role of jet dynamics in simulating a realistic seasonal cycle. Further insight might be gained by first screening the models for their ability to produce realistic rainfall seasonality.
Conclusions
In this study we showed how the leading EOF of density-weighted zonal wind (momentum flux) over West Africa captures a key mode of variability in jet dynamics throughout the troposphere (the TEJ, AEJ, and AWJ) (Fig. 2) . In turn, an index of this EOF can be Table 1 for list of models). Colors correspond to the pattern correlation between the EOF1 in NCEP-NCAR reanalyses (Fig. 1b) and that in the CMIP5 simulation.
used to quantify the coupling between jet dynamics and rainfall in the latter half of the twentieth century (Fig. 3) . Applying this same framework to 30 simulations in the CMIP5 ensemble reveals that the majority of models fail to capture this fundamental relationship (Fig. 4) . Generally, models that produce more realistic jet variability also tend to recreate more realistic jetrainfall coupling (Fig. 5) . Our findings agree with previous work concluding that realistic jet dynamics are an essential ingredient for simulating a realistic West African monsoon in both global (Tseng et al. 2016 ) and regional Sylla et al. 2013) climate models.
Our results imply that decision-makers should be cautious of CMIP5 rainfall projections over the Sahel. The lack of jet-rainfall coupling could be the result of deficiencies in a number of processes forcing Sahel rainfall. Ocean models may produce unrealistic remote forcing, or, even with completely realistic remote forcing, the atmospheric dynamical cores could simulate incorrect jets. It is likely that parameterized subgrid-scale convective processes are either failing to trigger wave activity or incorrectly translating land surface processes such as how rainfall variability feeds back into jet variability. We find it promising that the new parameterizations in the IPSL model resulted in a dramatic improvement in jet-rainfall coupling. Hopefully similar improvements will be realized in many of the CMIP6-generation models. The research community must confirm this new generation of models can realistically simulate historical jet-rainfall coupling before utilizing Sahel rainfall projections to assess future rainfall. Validating jet-rainfall coupling will allow studies to isolate many other GCM weaknesses that may also be critical in predicting future rainfall over the Sahel.
Our zonal wind EOF framework also provides a useful tool in future studies hoping to understand the mechanisms delivering rainfall to the Sahel. Although previous studies have qualitatively assessed the important dynamics over West Africa (Skinner and Diffenbaugh 2013) , a quantitative framework has been lacking. The ability to evaluate an integral pattern of jet dynamics adds resolution to the teleconnections chain and could be applied to study processes either upstream (e.g., the propagation of remote greenhouse gas, aerosol, and SST forcing on the zonal jets) or downstream (e.g., the control of jets on AEWs and mesoscale convective systems) in the teleconnections chain.
